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Abstract

Serving ML models with serverless computing has become
increasingly popular in recent years. Many of today’s cloud
vendors have provided GPU functions to meet the perfor-
mance requirements of different ML scenarios. However,
existing production FaaS platforms suffer from GPU under-
utilization and high cloud costs due to poor GPU resource
management. In this paper, we propose gShare, an on-demand
and efficient GPU function management policy in FaaS plat-
forms. gShare provides a fine-grained GPU virtualization
solution for a VM-based multi-tenant FaaS environment. It
further decouples the GPU resource from the existing CPU-
oriented function management paradigm, enabling flexible
GPU sharing across tenants. With a user-transparent vGPU
remapping design and aggressive request scheduling pol-
icy, gShare can significantly improve the cost-efficiency of
GPU functions without causing appreciable function perfor-
mance degradation. Experimental results show that gShare
can reduce GPU usage by 43%-63% compared to the baseline
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while meeting more than 95% of user latency targets. Com-
pared with the state-of-the-art method, it can also reduce
cloud costs by 24%-58% while maintaining better function
performance, benefiting both the cloud provider and users.

CCS Concepts: -« Computer systems organization —
Cloud computing.
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1 Introduction

Serverless computing, also known as Function-as-a-Service
(FaaS), has emerged as a popular cloud paradigm in the past
few years. Due to its ease of use and pay-as-you-go benefits,
there has been a wide variety of workloads built in FaaS
platforms, including video processing [25], data analytics [10,
39, 40, 49, 57, 68, 102], and web services [8, 90, 91, 108]. With
the growing adoption of machine learning (ML) applications,
serving ML models (a.k.a., inference) with FaaS functions is
becoming increasingly popular recently [5, 34, 48, 71, 84, 103].
Major FaaS providers like AWS Lambda, Microsoft Azure
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Functions, and Alibaba Cloud Functions [16] all report that
serverless model serving has been a common use case.

As model serving is always performed in real time with
intensive computation and stringent latency Service-Level-
objective (SLO). Many commercial Faa$S platforms have of-
fered GPU support to meet the growing demand for building
fast, low-latency model-serving services. For instance, Azure
Container Apps provides NVIDIA A100 GPUs for serverless
model training and inference in some regions [9], and Al-
ibaba Cloud Function supports configuring NVIDIA V100
GPUs for functions in units of 1GB of device memory [16].
In addition, according to a recent case study [95], serving
models on GPUs often outperforms traditional cloud-based
inference in terms of cost and scalability.

Unfortunately, we find the existing GPU function man-
agement in FaaS platforms performs inefficiently, making
them suffer from high operating costs [36]. On the one hand,
coarse-grained GPU provisioning in current FaaS platforms
does not cater to the needs of many small models, leading
to significant resource waste and GPU under-utilization. Al-
though techniques like MPS [61] allow GPU sharing among
functions, these solutions require kernels from different ten-
ants run in the same context, which can not be used in a
public cloud, where user functions usually run in individual
VMs for better isolation and security. Other GPU partition
approaches, such as MIG [60] and vGPU [64], either lack
flexibility or face generality issues, making them unable to
support on-demand GPU provisioning in a VM-based multi-
tenant FaaS cluster. Even combined with single-instance
multi-concurrency techniques [37, 81], inflexible GPU allo-
cation also leads to high costs during workload bursts.

On the other hand, unlike CPUs that can be recycled in idle
function instances, GPUs are coupled with function memory
management and cannot be flexibly offloaded for reclama-
tion, exacerbating resource inefficiency. Function prewarm-
ing and keep-live methods are widely used in FaaS platforms
to help mitigate coldstart overhead [27, 75, 77, 98]. Specif-
ically, FaaS providers use provisioned instances to speed
up function startup. After each invocation, an idle function
instance is cached for a period of time (e.g., 15 minutes in
AWS Lambda [43]), thereby reducing coldstart invocations
by reusing instances. As GPUs are much more expensive
than CPUs and always have longer coldstart latency, pre-
warming or caching many GPU functions can lead to 10x
higher cloud costs, according to our measurements.

Prior work aims to improve the revenues of Faa$S platforms
through preemptible GPU functions [16, 103]. Once enabled,
users allow the FaaS platform to recycle GPUs from their
keep-alive functions and receive a discount. Model swapping
is a core technique. By keeping model data in host memory
and dynamically swapping it onto the GPU when a request
arrives, different functions can share a node’s GPUs. Such a
design increases GPU utilization but still falls short in high ef-
ficiency: Firstly, it relies on a GPU proxy-based control plane
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[23] to manage model data (e.g., loading& swapping), serves
requests by interacting with the GPU clients inside functions,
which incurs system overhead (7%-61% of performance fluc-
tuations with 40% more forwarding delay). Secondly, model
swapping may increase request latency by 10s to 100s of
milliseconds; the simple heuristic scheduling in the existing
design is oblivious to function behavior, resulting in either
low GPU utilization or SLO violations. Moreover, resource
waste from coarse-grained GPU provisioning still exists.

In this paper, we argue for a domain-specific GPU func-
tion management policy for multi-tenant FaaS clusters with
several insights: Firstly, GPU resources should be provided
in a fine-grained manner, as with CPU functions (e.g., a
minimum of 0.05 vCPU), thereby precisely matching users’
requirements and minimizing resource waste. Second, GPUs
should be decoupled from the existing function resource
management scheme to support flexible recycling and shar-
ing, which can bring an opportunity for FaaS providers to
reduce resource cost from resource sharing. Moreover, some
serving functions may have smaller model sizes and more
lenient latency tolerances (e.g., batch requests or asynchro-
nous invocations), which can be exploited to explore more
aggressive GPU sharing policies, thereby improving cost ef-
ficiency in Faa$S platforms without hurting users’ function
performance.

However, enabling such a system design is not easy: (i) The
virtualization between cloud VMs and GPU devices is rarely
studied before. GPU vendors such as NVIDIA provide propri-
etary solutions but lack flexibility [65]. This prompts us to
implement a GPU virtualization mechanism from scratch and
address issues such as virtual I/O, address translation, and
resource isolation, which poses a challenge. (ii) GPU device
re-mapping and model swapping can incur non-negligible
latency. Reducing control-plane overhead and enabling user-
transparent GPU sharing is challenging. (iii) Since model
serving functions always exhibit different workload patterns
and latency requirements, determining the optimal GPU al-
location and request scheduling policy without violating the
user’s latency SLO is also a challenge.

To tackle these challenges, we present a cost-efficient GPU-
enabled FaaS platform, gShare, that benefits both the user
(i.e., model developer) and the cloud provider. gShare divides
the GPU hardware into a set of different-sized GPU slices
and allocates them to user functions through vGPU abstrac-
tion. The user can configure functions with a minimum of
128 MB of device memory and is encouraged to surrender
GPU resources to receive discounts. In this mode, a user’s
idle vGPU instance can be dynamically mapped to other ten-
ant function VM on the host server, with user-transparent
checkpoint/restore on model data and an SLO-aware request
scheduling algorithm, the GPU hardware can be fully uti-
lized by different vGPU functions in a time-sharing manner,
thus achieving high cost efficiency.
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As one of the world’s largest cloud providers, we use real-
world workloads with extensive experiments to evaluate
gShare’s effectiveness and efficiency. Experiment results
show it reduces GPU cost by 43%-63% while meeting 95%
of users’ latency targets compared to the keep-live policy,
and outperforms the state-of-the-art method by 1.8x- 2.7x
in both function performance and cost.

Our contributions can be summarized as follows.

e We reveal the inefficiency of existing serverless GPU
functions based on several observations, and also give
several key insights on the optimization of FaaS plat-
forms to address this issue.

e We present gShare, which provides an elastic vGPU
abstraction for a microVM-based FaaS environment.
With a user-transparent vGPU switching and sharing
technique, it enables flexible GPU allocation and brings
many more opportunities for cost saving.

e We formulate the GPU sharing as a constrained op-
timization problem and explore the optimum design
space. We also propose an efficient online scheduling
algorithm that can significantly reduce GPU usage
while satisfying users’ latency SLOs.

e We compare gShare with several most related works,
and the evaluations from real-world workloads demon-
strate its high cost efficiency. For a typical FaaS cluster,
it can help save hundreds of thousands of dollars in
GPU server procurement costs every year.

2 Background & Motivation
2.1 Serverless Inference & GPU functions

Model serving is already widely used in a variety of areas.
At Facebook alone, more than 200 trillion queries are served
every day [46]. Maintaining these model-serving services at
scale poses formidable challenges in terms of elasticity and re-
source costs, especially with unpredictable workload bursts.
Serverless computing emerges as a compelling paradigm to
address this problem, where ML models are encapsulated
within lightweight FaaS containers (e.g., a security sandbox
[28] or microVM [3]) and invoked by users on demand with
rapid scalability. Nonetheless, model-serving applications
are always latency-critical and computation-intensive, and
early CPU-only FaaS functions often fall short of meeting
users’ low-latency requirements, resulting in unacceptable
function performance.

GPU accelerators can significantly improve the model
serving efficiency. For example, serving Resnet50 on the CPU
can take hundreds of milliseconds, whereas on a GPU it com-
pletes in under 50ms [71]. Recognizing this potential, several
Faa$ providers have introduced GPU functions tailored for
diverse model serving scenarios, which enable them to sup-
port a vast spectrum of low-latency ML applications, from
simple image classification, speech recognition [5, 34, 84, 99],
to large language models like LLaMA-2 and OPT [26]. The
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GPU function charges users based on both invocation count
and resource consumption. At the same time, the resource
pricing includes not only CPU and memory costs but also
GPU-related expenses (depending on the hardware), which
are derived by multiplying the execution time by the GPU
quotas explicitly specified by the user.

2.2 Inefficiency of Existing FaaS platform

Despite the appeal of GPU capabilities, cost-efficient GPU
management remains a challenge for FaaS providers. Our
analysis reveals that current mainstream Faa$S platforms ex-
hibit notable inefficiencies in GPU operations.

Observation #1: Coarse-grained GPU Allocation: The server-

less GPU functions are inherently suitable for small-sized mod-
els but not effectively adapted to them currently, which can
result in up to 85% of resource over-provisioning waste.

Using FaaS functions to build highly elastic model-serving
services has been proven to be a feasible solution, especially
for small models that usually run on GPU fragments [99].
For large language models, deploying them via model slicing
or parallelism also requires different types of GPU functions
[26]. Modern Faa$ platforms already support fine-grained
CPU and memory allocation, allowing users to build small
functions (e.g., a minimum of 0.05 vCPU cores with 128 MB
of memory [15, 44]) to run a simple code block. While the
shift towards GPU provisioning in FaaS environments is
still underdeveloped, FaaS providers such as Alibaba GPU
Function support GPU slicing at a granularity of 1GB of
device memory, which is still insufficient.

We analyze the top 3,000 most downloaded models on
TensorFlow Hub [38] and Hugging Face [24] (see § A) and
estimate their memory footprint based on precision and pa-
rameter size. We find they exhibit a wide distribution of
model sizes. More specifically, 78.1% of models are less than
4GB, while 66.4% are less than 1GB. We deploy several of
them and present 100 model samples with memory consump-
tion ranging from 128MB to 4GB. It can be seen that even
using the smallest GPU function (1GB of device memory),
there are about 60 functions that will suffer from a vast re-
source waste (with an average of 55% and a maximum of
85%). Similarly, about 20 models require at least 2GB of GPU
memory for deployment, which can also lead to 7%-48% of
GPU memory over-provisioning. This indicates that exist-
ing coarse-grained GPU functions may not precisely match
user needs. Although GPU vendors such as NVIDIA offer
proprietary virtualization solutions for VMs, the lack of flex-
ibility and generality makes them unsuitable for dynamic
serverless environments.

Observation #2: Keep-alive Cost: The existing keep-alive pol-
icy in FaaS$ platforms is ill-suited for GPU functions, leading
to 10x of higher GPU-idling cost and poor resource utilization.

Cold-start has been a well-known performance bottleneck
in FaaS platforms. Launching a new function instance to
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Figure 1. (a) GPU memory usage from common ML models. (b) The CPU price versus the GPU price in the cloud. (c) The
model swap time and serving time among different models. (4) An example of efficient GPU sharing with feasible scheduling.

process a request when none are available often takes hun-
dreds of milliseconds and may significantly impact function
performance [22, 27, 98]. For GPU functions, the cold-start
latency (usually in seconds) can be even higher than the
model serving time due to the initialization of models, GPU
drivers, and ML frameworks [34]. Function caching is widely
used in Faa$ platforms to avoid cold-start invocations. Most
Faa$ platforms choose to keep function instances alive for a
period of time (e.g., up to 15 minutes in AWS Lambda [43])
after execution, so that subsequent requests can reuse them
to eliminate cold-start overhead.

However, function caching also comes at a high cost. Un-
like CPUs, which can be reclaimed by pausing idle instances
[35], GPU resource management is coupled with main mem-
ory and cannot be released until the function is fully termi-
nated. As shown in Figure 1(b), GPU instances such as AWS
P3 (with NVIDIA V100 GPUs) are priced at approximately
$3.06/h [74], compared to only $0.34/h for a t3.2xlarge CPU
instance [73]. In Alibaba Cloud Function, GPU functions
cost around $0.11/CU-s’, which is approximately 14X more
expensive than CPU functions at $0.008/CU-s [17]. Caching
a large number of GPU function instances in a Faa$S platform
can lead to non-trivial cloud costs. As the workload varia-
tions can reach up to 33,000x within 1 minute in production
systems [77], even using single-instance multi-concurrency
techniques [37, 81], inflexible GPU allocation can also result
in serious resource under-utilization, especially after han-
dling bursty workloads [77]. This makes the keep-alive strat-
egy unsuitable for GPU functions with higher unit prices.
Observation #3: Insufficient Over-selling: Some cloud providers
utilize model swapping to reduce GPU costs, while the ad-
ditional control plane overhead and conservative scheduling
make them only bring limited benefit.

To improve the cost-efficiency of GPU functions, recent
Faa$ providers offer a discounted billing model for idle func-
tion instances (i.e., preemptible GPU function), that is, users
can allow the FaaS platform to swap their ML models from
GPU device to host memory during the function’s keep-alive
period, thus the GPU resource can be reallocated to other
tenants. For this goal, prior work deploys a GPU proxy on

1CU (Computational Unit) is a billing model in Alibaba Cloud Function.
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each worker node to manage all local GPU devices as a pool
[103]. The GPU proxy creates an executor process on each
GPU for remote CUDA API execution, model swapping, and
device memory management. When a request arrives, the
user function interacts with the GPU executor via a CPU
client for model serving.

We find that the current model-swapping approach is in-
efficient for achieving high cost-efficiency in GPU functions.
The GPU proxy is built on the FaaS control plane and handles
request forwarding, memory swapping, and kernel process-
ing when serving models. Such a two-layer GPU manage-
ment design introduces additional system overhead and may
increase the uncertainty in function performance. Although
model swapping involves only memory copy operations and
is faster than cold-start, it still incurs non-negligible latency
(e.g., transferring 1GB of data using cudaMemcpy () takes
approximately 1s). Moreover, ML models often exhibit incon-
sistent swap and execution times (see Figure 1(c)). Current
systems swap models solely based on function popularity,
which may underestimate the impact of model swaps on
request latency and lead to frequent SLO violations. Con-
versely, overestimating swap overhead can limit resource
utilization and hinder efficiency.

There is also the fact that cloud users often have diverse
latency requirements for model serving queries. For instance,
interactive services such as chatbots and real-time transla-
tion [29, 56, 76] typically require strict latency guarantees
(e.g., <50ms per 100 tokens). In contrast, applications that
rely on batch processing can tolerate longer request latency.
Batching improves hardware utilization [5, 19] but also in-
creases the makespan (e.g., serving Resnet50 with 8-batch
input takes about 250ms). Furthermore, for GPU functions,
users may opt for the GPU idle billing mode to reduce costs,
indicating their willingness to accept potential latency in-
creases or performance degradation. This provides an oppor-
tunity to explore more aggressive GPU sharing strategies.
Figure 1(d) illustrates a scenario involving nine requests from
3 model serving functions with different latency targets (4,
3, and 2). With a carefully arranged request scheduling and
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executing order, GPU resource usage can be reduced by ap-
proximately 30% in this case without violating users’ latency
SLOs.

2.3 Implications

The above observations motivate us to design a cost-efficient
GPU-enabled FaaS platform based on the following key in-
sight. (1) Fine-grained GPU allocation: A fine-grained GPU
provisioning solution (e.g., time-slicing with vGPU) is essen-
tial for multi-tenant FaaS scenarios, enabling users to apply
just the right amount of GPU resources for model serving
functions, thereby minimizing over-provisioning waste (Ob.
#1). (2) Resource decoupling & Flexible sharing: Leveraging
the vGPU technology, we can implement a dynamic vGPU
mapping mechanism to enable flexible GPU allocation and
recycling, thus reducing the GPU idle rate. Meanwhile, opti-
mizing the cost of GPU virtualization and the control plane
on GPU management is necessary to reduce system over-
head (Ob. #2). (3) Efficient GPU overselling: By co-designing
the Leisure-aware vGPU allocation and SLO-aware request
scheduling, we can explore an aggressive GPU overselling
policy to achieve a balance between cloud cost in FaaS plat-
form and users’ performance requirements (e.g., latency tar-
gets), benefiting both the cloud providers and tenants (Ob.
#3).

3 Methodology & System Design

In this section, we present the system design and core mod-
ules of gShare, along with the challenges encountered and
the solutions we implemented.

3.1 System Architecture

User x——>[ Front-end gateway I [Node manager] FaaS Cluster

IR
A 4 1
Request Queue [@BE EIEIEII:I]\ Server
1 © Deadlines  Fn deploy  [Coder
gShare Control plane R i (1) }
y equest !
MicroVMs schaduters® 49 [ &>
IIdIe Fn(--tX: & (- (JBusy Fn| 0, | i
T Y ) vGPU o H
vGPU: ivGPU: vGPU: ivGPU! @ (manager %! ) A profiles
attach  ‘recycle new-alloc 4T y
" K¥a) o n ]
P ad = [zl o [ |
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memory| Mshce pool #1] [sllce #N]‘ [ i — 720 | — ]
BB OB GPU virtualization N, |(CoOEHEIC—
||| @Model data C/R i @GPU sharing

—» Request flow = Control flow

Figure 2. Overview of the system architecture.

System Model: Typically, a GPU-enabled FaaS cluster com-
prises multiple CPU servers and GPU servers. Upon invoking
a GPU function, the request will be routed to a GPU server
via a front-end gateway, based on a load-balancing policy.
On each server, requests are first queued and then dispatched
by alocal scheduler to available GPU functions for execution.
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Although workloads may vary across servers, the underlying
principle of GPU provisioning remains consistent. Therefore,
we focus on general-purpose GPU function management
architectures that are independent of cluster-level load bal-
ancing and can simplify the system design.
Overview: As illustrated in Figure 2, gShare is a server-level
GPU overselling policy that aims to serve as many requests as
possible from user functions, meet their latency SLOs while
reducing the server GPU allocation. On each server, physi-
cal GPUs are allocated to user functions as vGPU instances,
which share the GPU hardware in a time-slicing manner,
with resource limitations on both device memory and com-
puting capacity (e.g., 128MB of GPU memory and 10% of
GPU time quota). gShare encapsulates these vGPU instances
as different-sized GPU slices, determines their mappings to
the user functions dynamically based on system status and
workload changes through three key components: (1) a GPU
virtualization mechanism that enables fine-grained vGPU
provisioning in a multi-tenant FaaS environment, where
user’s ML model services run in microVM-based containers;
(2) a newly introduced vGPU manager that unlocks GPU
resource from function pausing and provides interfaces for
vGPU mapping and model saving/restoring; (3) a modified
request scheduler that determines request execution order
and vGPU allocation for efficient GPU sharing.

gShare operates as a back-end module on each server. For
developers, gShare allows user to explicitly specify their
vGPU quotas and latency SLOs, and also provides an auto-
matic tool to help infer the model’s memory consumption
(including the parameter sizes, libraries, and intermediate
data) @. When a model serving function is deployed, gShare
collects its profiling metadata, such as the function name,
model size, and average execution time, which can be ana-
lyzed from the native logging system or observability mod-
ules in the FaaS platform. The profiling can be done only
once®. When user requests arrive, the request scheduler es-
timates the deadline slack of queued requests®, and deter-
mines whether to reuse an already assigned GPU slice or
allocate a new one@. Subsequently, it invokes the vGPU man-
ager to map the function’s vGPU to the corresponding GPU
slice pool® and load the model data to the device memory
for processing®. Through fine-grained vGPU allocation and
flexible scheduling, gShare enables efficient GPU sharing
across multiple tenant functions@.

The following sections will elaborate on the detailed de-
sign, methodology, and implementation of gShare.

3.2 VM-passthrough GPU Virtualization

Previous studies primarily implement GPU virtualization
via user-space API interception in the guest VM [79, 100].
These methods are easy to implement but lack generality,
rendering them tied to specific frameworks or ML stacks.
Since users’ custom images in the public cloud often require
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modifications to the VM’s dynamic libraries, we use kernel-
space interception to virtualize GPU devices. Although this
approach is challenging to implement and rarely studied, it
can provide better compatibility.

Figure 3 shows the architecture of our vGPU design. gShare
implements a core component, named vGPU Manager, to pro-
vide vGPU devices for user functions on each server, which
hides the details of physical GPU slices and exposes a set of
vGPU driver APIs for user applications inside microVM. The
vGPU manager is launched as a kernel process within the
host operating system and incorporates two key modules:
vgpu controller and vgpu scheduler. (1) The vgpu controller
includes a series of I/O control interfaces that are adaptive to
different GPU vendor devices; it intercepts the system calls
from user functions for API filtering, data packet parsing,
and permission verification. (2) The vgpu scheduler manages
resource quotas, performs kernel-level task switching, and
eventually executes requests by calling the GPU hardware
driver on the host server. In the following, we elaborate on
the design details of vGPU functions.
vGPU Allocation: When launching a new GPU function,
a vGPU instance will be created and attached to the VM,
and the user’s resource quota will be recorded in the ker-
nel object on the host server. The vGPU manager maintains
this information and limits the resource usage from runtime
checks. gShare theoretically supports arbitrary granularity
of GPU function creation; however, for practical manageabil-
ity, we allow users to configure GPU functions in units of
128 MB of device memory, and the computation resources
(i.e., GPU time) are proportionally limited. For the FaaS plat-
form, the vGPU manager also exposes a user-space library
to facilitate vGPU device management, such as creation and
deletion operations, where Table 1 lists a subset of them.
These user-space APIs can be seamlessly integrated with the
third-party programs, libraries, or scheduling modules on
the host server, ensuring compatibility with orchestration
frameworks such as Kubernetes [42] and Slurm [87].
Direct I/O Access: gShare leverages vfio-mdev [53], a Linux
kernel feature that enables direct I/O device access between
hardware and virtual machines via technologies such as
Intel VT-d or AMD-Vi, thereby minimizing virtualization
overhead. Upon creating a vGPU instance, vfio makes a vir-
tual I/O device within each VM, allowing the guest process
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Table 1. A subset of the vGPU user-space library.

Interfaces Parameters

create_vgpu() vgpu_config, vgpu_mem_address”, tenant_id
delete_vgpu() vgpu_mem_address”

get_vgpu_status() vgpu_mem_address*

set_vgpu_config() vgpu_mem_address*, vgpu_config

to access device memory and registers on the host server
via standard system calls (e.g., vfio_pci). A complete set of
vGPU driver interfaces within the guest VM is implemented
to fully support various mainstream model-serving frame-
works. When the vGPU device works, the vgpu controller
monitors the vfio API callbacks on the host server from its
I/O control interfaces, thereby intercepting and handling the
guest-VM’s GPU kernel invocations.

vGPU Scheduling: The vgpu scheduler is responsible for
managing hardware resources and consists of a vGPU mem-
ory control and computation unit control. For example, in the
case of NVIDIA GPUs, it captures the CUDA driver APl inter-
cepted by the vgpu controller and evaluates memory-related
API calls to enforce vGPU memory usage limits. Regard-
ing SM cores, the scheduler implements temporal-sharing
among multiple vGPU kernels. Given that the hardware
scheduler in NVIDIA GPUs only retrieves commands from
the PushBuffer of an active channel [62], the vgpu scheduler
maintains a record of the corresponding channel for each
vGPU and ensures that only one channel is active at any
time. Similar to NVIDIA’s closed-source solution [63], we
employ a round-robin algorithm to schedule user functions’
GPU tasks in a configurable scheduling period (20ms by de-
fault).In each period, kernels from different vGPU instances
execute in FCFS (First-Come-First-Served) order according
to their vGPU instance creation timestamps. Each kernel
exclusively occupies the GPU device within its time slice
(slice = func_mem/dev_cap X sche_period) and cannot be
preempted even if its cycle is idle.

3.3 Function Memory Management

The number of vGPU instances that can be created on a physi-
cal GPU is limited by the device memory capacity. Therefore,
recycling idle vGPU instances (i.e., GPU overselling) can
help accommodate more tenant functions on the GPU hard-
ware, thereby reducing GPU usage in the FaaS cluster. For
this goal, we further develop efficient mechanisms for vGPU
hot-plugging and model swapping to enable dynamic GPU

keep-alive state ; Hot-plug off i Hot-plug in
Function A ; i..~10us [ FuncA
n/"\ . H . O
3 vgpu_dev_conn E & disabled) | enabie(j B dev
@ vgpu_mem : B H data
—— freg() L ~<100us
imem_alloc()

i
vgpu_mem_address* %>Nul

Figure 4. The vGPU hot-plugging mechanism.

GPU memory
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Figure 5. The fast model swapping mechanism.

offloading and reallocation across tenants. The detailed tech-
nical implementation is described in the following sections.
vGPU Hot-Plugging: The hot-plugging for PCle devices
is natively supported in the vfio-based virtualization tech-
nique. However, this operation inevitably introduces latency.
For example, inserting a GPU device into a VM via PCle
typically takes approximately 0.7s, significantly hindering
the efficiency of GPU resource recovery and reallocation.
To mitigate this overhead, we implement a "pseudo offload-
ing" strategy (Figure 4), that is, when a GPU slice is being
unloaded from an idle tenant function, only the hardware
resource is released, while the associated vGPU connection,
including file descriptors, process handlers, and register in-
formation is tagged as disabled from using. Upon resuming
the tenant function, the vGPU manager only needs to reacti-
vate the GPU slice without instantiating a new vGPU device.
In this way, the vGPU hot-plugging time can be reduced to
less than 1ms.

Checkpoint & Restore: As the model parsing and loading
often take considerable time, it is crucial to avoid redundant
initialization operations for vGPU functions. Therefore, for
functions in the keep-alive state, their model data and state
should be saved before unloading the GPU device. We uti-
lize the CUDA checkpoint to create a model snapshot for
GPU functions [59, 82]. Unlike conventional proxy-based
approaches that require a GPU server to participate in the
model C/R process, we extend microVMs’ sidecar function-
ality to support direct model data management within GPU
functions. The Faa$S platform on the host server initiates the
C/R operation externally. By default, model checkpoints con-
sume private memory in the user’s own function VMs. Since
tenant functions may not have sufficient idle memory for
snapshot storage, we build a shared memory pool on each
server and map it to tenant VMs, enabling model recovery
in memory rather than reading checkpoint files from disk.
The memory pool is limited by the available memory in the
FaaS$ cluster, and an LRU cache replacement policy is used
when the pool is exhausted.

Fast Model Swap: In prior systems, reallocating GPU re-
sources from one tenant to another typically involves a pair
of model swap-out and swap-in operations [103]. We intro-
duce a GPU memory "overwrite" mechanism based on snap-
shot cache technique to reduce the model swapping time. As
illustrated in Figure 5, when a function’s model (function
A) is checkpointed for the first time (or in an asynchronous
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way), it will be cached in main memory. After that, if its GPU
device is allocated to another function, only a model swap-in
operation (function B) needs to be done, and the model swap-
out operations of function A can be skipped. The black-box
design of the NVIDIA C/R tool prevents us from remapping
GPU memory addresses at the current stage, and performing
GPU memory overwrites requires terminating function A’s
user process.

3.4 SLO-aware Request Scheduling

To facilitate management, we redefine the function instance
states within the FaaS cluster. On each server, a function in-
stance can be in one of three states: running, idle, or frozen. A
newly created function instance immediately enters the idle
state. When it executes a request, it transitions to the run-
ning state. Upon request completion, the instance transitions
from running to idle, retaining all resources and runtime data
(e.g., the memory heap and register data). Instances that re-
main idle for an extended period may transition to the frozen
state, where the process is suspended, memory resources are
preserved, and CPU and GPU resources can be deallocated
and reassigned to other functions. By reallocating CPU and
GPU resources, a frozen function instance can be restored
to the idle state.

The incoming requests are first queued in a waiting buffer,
and gShare must process them before their respective dead-
lines while minimizing GPU resource allocation. For each
request, the request scheduler has two options: (1) wait for
a running function instance to become idle, reuse its GPU
slice, and load the corresponding model data for execution;
or (2) unpause a frozen instance or launch a new instance,
allocate a new GPU slice, and process the request. The for-
mer approach reduces GPU resource consumption but may
introduce request queuing delays, while the latter enables
faster execution at the cost of higher resource usage. We as-
sume that all arriving requests have at least one pre-launched
function instance and do not consider occasional cold-start
events. The scheduling objective of gShare is to dynami-
cally determine on which GPU time slice to execute which
requests under a given workload (request arrival) and server
resources, thereby serving as many user requests as possible
while meeting the SLO latency target of the requests, that is,
achieving a high GPU over-selling rate.

3.4.1 Problem Formulation. The joint optimization of
GPU allocation and request scheduling resembles an online
bin packing problem with per-request deadline constraints.
Since request arrivals follow a discrete time-series distribu-
tion, gShare works in a cycle-by-cycle fashion, numbered by
t =1,2,...,and we denote by R’ the set of requests arriving
in cycle t. For brevity, we may omit the time subscript/su-
perscript ¢ for certain variables in the following formulation.
Let M denote the maximum capacity of the GPU slice pool,
and each GPU slice is divided into K time slots, where K is a
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large integer, and the time length of each slot is a fixed value
At. For each request rp € R, we assume knowledge of its
function profiling data, including model swap time I, execu-
tion time Dy, arrival timestamp Kk, and latency requirement
Ok. The objective is to determine a binary decision variable
a;jk(6), which equals "1" if the k-th request ry is scheduled
at time slot § (where § € t) on the j-th GPU slice, and "0"
otherwise.
This optimization problem can be formulated as follows.

minimize :  Y;emU; (1)

Yjemser 4k (8)8 2 Xjemser ajk (0K, Vi (2)

Yjemser 4jk(8) =1, Vre  (3)

SriroeRt Sho = Lot k(). Vi (4)

s,{,v + s{,-)u =1, Vryre,V¥j ()

Yruert St <1 Vro Vi (6)

Yroert St <1, Vru, Vi (7)

D 450(8)82 ) au(8)8 + Dy —H(1 =), Vruro,Vj (8)
Set Set

SkAt + (1 = F ) + D < Ok, Vrie  (9)

0< Yjemr, ajk(8) <M, Véer (10)

The objective (1) defines the overall GPU resource cost on
active function instances, where U; = 1 if GPU slice j exe-
cutes at least one request during cycle ¢ (i.e., X se; rert @)k (6)
0), and U; = 0 otherwise. Constraint (2) ensures that no
request can be scheduled before its arrival timestamp. Con-
straint (3) guarantees that each request is executed exactly
once on a single GPU slice. Constraints (4-7) enforce a strict
execution order between any two adjacent requests r,, and
r, assigned to the same GPU slice. A binary variable s{;’v
indicates the scheduling sequence: s{;,u =1ifbothr, andr,
are assigned to the same GPU slice j, and r, is scheduled
immediately before r,; otherwise, s{;,v = 0. Constraint (8)
ensures that there is no overlapping execution time between
consecutive requests on the same GPU slice. Constraint (9)
imposes that the summary of a request’s waiting time and
model swap time (if it has one) must not exceed its latency
target. Here, Sy = X jemser 4jk(8)(6 — 1) represents the
start time of request rx, and Fy x = 1 if requests r; and ry
belong to the same tenant function, and otherwise, Fy/; = 0.
Constraint (10) ensures that the total number of allocated
GPU slices does not exceed the maximum capacity of the
GPU slice pool at any time slot 8. Due to the page limitation,
we put more details in § B.

This MINLP problem includes both the spatial-dimension
function-slice mapping and temporal-dimension time-slot
exclusivity with strict request execution order assignment,
which is at least as hard as the known NP-hard bin packing
problem [72]. Therefore, we resort to a fast algorithm for
efficient scheduling in practice. Algorithm 1 outlines the de-
tailed procedure. We utilize a minimum heap data structure
to maintain the requests awaiting scheduling and the already

>
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Algorithm 1: Dual-Queue Lazy Scheduling (DQLS)

1 Init shareQueue by request deadline slack in ascending
order
Init slicePool by slice’s next available time in asc-order

while true do .
; < recvNewArrivedReq() ;

2
3
4
5 shareQueue, cacheQueue < classifyByFunc(R;) ;
6 update the slicePool on the server ;

7 while cacheQueue # 0 do

8 re «— cacheQueue.pop() ;

9 cacheHit < findAvailCachedSlice(slicePool) ;

10 if cacheHit then
11 | slice < slicePool.pop() ;

12 else .
13 | slice « allocGpuSlice() ;
| slice.process(ry) ;

while slackQueue # 0 do

ri < shareQueue.pop(); // pick request with
the smallest slack

if ri.slack = 0 then

slice « findAvailSharedSlice(r) ;

if slice =Null then .
slice « allocGpuSlice() ;

slice.process(ry) ;

14

15
16

17
18
19
20
21

22 Ise

23 if idleSliceExists(slicePool) then
24 | processWithIdleSlice(ry) ;

25 else

26 L break;

for ry < slackQueue do
| rr.slack « ry.slack —1;

27
28

Function findAvailSharedSlice(rg):
max « —1;slice « Null ;
for s € slicePool do. .
ddlLeft < estimation(s,rg) ;
// predict the request completion time
if ddiLeft > 0&max < ddlLeft then
| max « ddlLeft,slice < s ;

29
30

31
32

33
34
35

36 | return slice;

allocated GPU slices in shareQueue and slicePool, respec-
tively (Lines 1-2). Requests in shareQueue are prioritized
based on their deadline slacks, defined as slack = 6 — I — Dk,
where Dy denotes the predicted execution time of request ry,
derived from the historical average latency (as discussed in
§ 5.2). The function scheduler continuously monitors incom-
ing requests, categorizes them into two groups according to
the risk of latency target violation (Lines 3-5), and updates
the pool of allocated GPU slices (Line 6). If the estimated total
time I + Dy exceeds the latency target 6y, indicating a high
risk of SLO violation, the function scheduler opts to cache
the corresponding function instance individually rather than
sharing its GPU slice (i.e., placing it into cacheQueue). These
requests are then processed using a locality-aware sched-
uling to minimize the frequency of model swapping (Lines
7-14).

A lazy scheduling is applied to the shareQueue. A re-
quest is scheduled only when its deadline is being violated
(Lines 15-27). This approach provides an opportunity to re-
prioritize the order of request execution to improve vGPU
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utilization. For the request with the smallest slack value
(Line 16), the following scheduling decisions are made:

(1) If any request currently has slack = 0, the function
scheduler predicts the waiting time (queuing and swapping)
and execution time, and selects the GPU slice with the earliest
available time for scheduling. If no such slice is available, a
new GPU slice is allocated (Lines 18-22).

(2) When all scheduled requests maintain a safe slack
margin (slack > 0), the function scheduler still allows the
request with the smallest slack to be assigned to an idle GPU
slice, thereby reducing resource idling and improving overall
efficiency (Lines 23-27).

Lines 30-37 show the findAvailSharedSlice(). Since
certain GPU slices may still have ongoing requests, the func-
tion scheduler must estimate their next available time. The
algorithm computes the expected completion time on each
GPU slice by incorporating model swap times and latency
constraints on incoming requests. If no allocated GPU slice
can be reused, the scheduler is notified to allocate a new
GPU slice by calling the allocGpuSlice(). The maximum
number of GPU slices that can be allocated on a server de-
pends on the hardware capacity. If allocGpuSlice() fails,
the request will be redirected to other nodes for processing.

4 Implementation

Runtime & Hardware Adaption: gShare is integrated
into a microVM-based FaaS platform equipped with NVIDIA
GPUs, where GPU functions are encapsulated within Kata
Containers [69] running on bare-metal servers. We chose
NVIDIA as our first choice because its broader ecosystem,
and users with NVIDIA GPU requirements account for 95%
in our platform. The kernel-space API interception on vGPU
drivers requires us to rewrite all system calls. We have rewrit-
ten a total of 57 ioctl interfaces (17 NV_ESC APIs and 40
UVM_APIs), including 60,000 lines of C code on vGPU de-
sign, state management, and unit testing. The current version
of gShare provides a full CUDA interface and is compati-
ble with today’s mainstream ML frameworks, such as Ten-
sorFlow Serving, PyTorch, vLLM, and SGLang. Adaptation
efforts for AMD ROCm [2] are in progress.

Components & Prototype: The request scheduler is a native
module within the server Agent on each node that operates
as a background daemon responsible for request routing,
function management, and node status monitoring. We ex-
tend the server Agent to incorporate model C/R and function
profiling mechanisms. The input data used by gShare for
decision-making is collected from the logging system and
stored in a cluster-level repository. A prototype system is
also developed to evaluate the effectiveness of gShare, which
includes the main modules with the same settings as the pro-
duction system. There are about 5,000 lines of code (Java,
Python, and Linux Shells) for the functional verification,
workload generation, and experimental result processing.
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5 Evaluation

We evaluate gShare in a testbed comprising 20 physical
servers, each equipped with 128 GB of RAM and a 32-core
CPU. The cluster hosts 64 NVIDIA A100 GPUs (40GB of de-
vice memory), divided into 9 GPU slice pools ranging from
128MB to 40 GB of vGPU types. We use MLPerf [70] and
generate workloads following real-world traces from three
production clusters, each containing one week of function
calls with diverse request arrival patterns and function char-
acteristics. By default, we define a function’s latency target
as 1.5 X its 90th percentile (i.e., p90) execution time.

We compare gShare against five related systems: Keepalive,
FaasCache, FaaSwap, NoCache, and FIFO. The detailed im-
plementation of these works is listed as follows:

o Keepalive [43] is a widely used function caching mech-
anism in current FaaS platforms, which employs a TTL-
based (time-to-live) keepalive policy to cache function
instances in memory after each invocation. We adopt
AWS Lambda’s 15-minute idle timeout setting for GPU
functions as a baseline.

e FaasCache [27] is a state-of-the-art method in function
caching, which proposes a priority-based cache policy for
CPU functions. We transfer it to the GPU functions and
swap models based on function popularity, model size,
and swapping overhead.

e FaaSwap [103] is also a state-of-the-art method in GPU
function sharing? It implements a model-swapping mech-
anism and determines the request execution order using
feedback control with an LRU cache policy. Since it is not
open source, we re-implement its scheduling algorithm
for comparison.

e NoCache is an aggressive strategy that immediately re-
leases vGPU resources when a function becomes idle. We
enhance it with a snapshot-based cold-start mechanism
to reduce cold-start overhead while minimizing resource
consumption.

e FIFO is a homogeneous version of gShare, which em-
ploys a single slackQueue and early scheduling to allo-
cate vGPU resources immediately upon request arrival,
without considering the user’s latency deadline slack.

In the evaluation, we mainly focus on the function perfor-
mance and resource cost around the following questions:

e (O-1: Can gShare achieve better cost-efficiency under dif-
ferent workloads? (§ 5.1)

e O-2: How does gShare’s GPU sharing mechanism affect
request latency? (§ 5.2)

e -3: How does gShare perform under various function
concurrency and latency constraints? (§ 5.3)

e (Q-4: What is the system overhead of gShare on vGPU
allocation and reclamation? (§ 5.4)

2FaaSwap is an early manuscript version of Torpor[104]. They are equivalent
in terms of references.
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(a) Trace #1: 400 functions, QPS<5

(b) Trace #2: 300 functions ,QPS=9.6

(c) Trace #3: 200 functions, QPS>10

Figure 6. Overall performance under different workloads: (a) a low concurrency workload including model serving requests
from 400 functions, with a less than five queries per second (QPS); (b) a medium-scale workload with 300 functions and
QPS=9.6; (c) a high concurrency workload with 200 functions and QPS>10. Experimental results are normalized to baseline.
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Figure 7. (a) Latency distribution of bad requests. (b) Parameter tuning of gShare. (c) The normalized cost and function
performance of Keepalive, gShare, and FIFO under different workload patterns, where the latency target setting is in default.

e -5: What is the performance roofline of gShare and how
much economic benefit can it bring?(§ 5.5 and § 5.6)

5.1 Overall Performance

High Efficiency: gShare reduces GPU usage by 43%-63%
while maintaining function performance comparable
to baseline. Figure 6 presents the overall performance of
gShare. We collect experimental results at two-hour inter-
vals (i.e., cycle t = 2h). The peak GPU allocation within
each interval is aggregated to the overall cost, while all re-
quests are aggregated to compute the overall latency target
violation ratio. We see that the Keepalive delivers the best
function performance but incurs the highest GPU resource
cost. Compared to the baseline, gShare exhibits only a slight
performance degradation while achieving significant cost
reductions of 63%, 47%, and 43% across the three evaluated
workloads, respectively. Although FaaSwap reduces GPU us-
age by 5%-20%, it prioritizes scheduling requests from func-
tions with the highest latency violation ratios. This feedback-
driven model swapping performs insufficiently, resulting in
1.75X—-6X more latency violations. A similar behavior can
be seen in FaasCache. The early scheduling mechanism in
FIFO minimizes resource usage but causes higher latency
target violations, particularly for functions with long model
swap times. Moreover, the NoCache strategy is overly aggres-
sive, where frequent model swaps severely degrade function
performance.
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Workload Agnosticism: gShare delivers consistent per-
formance improvements across diverse workload sce-
narios. The experimental results in Figure 6 also demon-
strate that gShare is workload-agnostic. Despite variations
in tenant count, request arrival intervals, and function con-
currency across the three workloads, gShare maintains ro-
bust performance. For example, it outperforms Keepalive,
FaaSwap, and FaasCache in terms of cloud cost, while achiev-
ing better function performance compared to FaaSwap, FIFO,
FaasCache, and NoCache. Even on a single server, functions
can have multiple independent and concurrent invocations.
If FaasCache’s cache replacement policy were applied to de-
termine model swapping priorities, system efficiency would
heavily depend on workload characteristics such as function
popularity and model size, and lead to frequent performance
fluctuations (Figure 6(b)). gShare’s server-level scheduling
mechanism takes function profiling data as input and actively
participates in resource allocation and request execution, en-
abling it to adapt to various ML scenarios.

5.2 Request Latency Distribution

Latency Impact: The lazy scheduling mechanism in
gShare may increase request waiting time, but only
results in a 15% increase in p95 latency, with negligi-
ble degradation in p50 latency. We analyze the latency
distribution of latency target-violated requests (called "bad
requests”) from the experiments described in § 5.1. Note that
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Figure 8. A detailed analysis on latency target meet ratio and resource cost of gShare, where we take Trace #1 as an example
and present gShare’s performance under different function concurrency (a) and latency target settings (b).

Table 2. Latency breakdown of five compared methods.

Method #Requests Request latency breakdown (D®) #Requests SLO violation reasons (D@®)
meet SLOs Latency on wait® Latency on swap® | violate SLOs #by wait® #by swap@ #by exec®
Keepalive 201,578 0.07% 0.16% 4,251 7.88% 92.12% -/-
gShare 199,390 0.07% 0.82% 6,439 5.36% 94.31% 0.33%
FaasSwap 183,227 0.15% 1.02% 22,602 2.96% 95.44% 1.60%
FIFO 189,969 0.54% 0.25% 15,860 12.6% 84.93% 2.50%
FaasCache 175,989 0.07% 0.11% 29,840 8.31% 91.69% -/-

bad requests are inevitable in our evaluation, as some func-
tions are invoked only once, and their initialization time
alone may exceed the latency target. Additionally, predic-
tion errors in gShare’s scheduling algorithm can also lead to
latency increase and performance fluctuation. Nonetheless,
as shown in Figure 7(a), severe performance degradation
in gShare is rare. Specifically, the p50 latency of gShare is
comparable to or better than that of other methods. For p90
latency, gShare exhibits a slight increase and occasionally
performs worse than FaasCache. However, the performance
gap narrows progressively from 60% at p90 to 15% at p95
latency and p99 latency. This indicates an expected latency
impact of gShare. As illustrated in Figure 7(b), if we add 30%-
50% redundancy to the original predicted model execution
time (i.e., the average latency) in gShare, the performance
degradation caused by prediction errors can be obviously
improved, and we set the redundancy at 40% in practice.

5.3 Evaluation on Case Studies

We also evaluate the effectiveness of gShare under varying
request concurrency and latency constraints by changing
the minimum request arrival interval (0s (default), Is, 5s, 30s,
and 300s). We also use three additional latency targets as 2X,
3%, and 5% the p90 execution time.

Pareto Optimality: gShare achieves Pareto optimality
on cost-efficiency under different workload settings.
We evaluate gShare under 20 different combinations of func-
tion concurrency and latency target. The results show it out-
performs FaaSwap and FaasCache in most cases and achieves
Pareto optimality among Keepalive, FIFO, and NoCache. A
subset of the evaluation results is presented in Figure 7(c). As
shown, gShare strikes a favorable balance between resource
cost and function performance. In contrast, Keepalive and
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FIFO exhibit extreme scheduling behaviors, either incurring
high costs or causing numerous latency target violations.
Sensitivity Analysis: gShare performs best under sparse
workloads with lenient latency targets. Given gShare’s
workload-agnostic design, we use trace #1 as an example
for detailed case studies. Figure 8(a) presents the evaluation
results with the latency target fixed at the default. We ob-
serve that gShare’s function performance is only 5% lower
than Keepalive but significantly better than other methods
across all groups. Moreover, it reduces resource usage by
approximately 60% and 50% compared to the baseline and
the state-of-the-art method, respectively. It is evident that
gShare performs particularly well in environments with a
large number of tenant functions and sparse request arrival
patterns. In contrast, using Keepalive alone leads to signif-
icant resource waste in such scenarios. It is worth noting
that gShare experiences a noticeable performance drop from
the min5s to min300s groups. This is primarily due to the
increased cold-start ratio caused by filtering out requests to
simulate sparse workloads, as demonstrated in Figure 8(b),
relaxing the latency target can further improve the function
performance of gShare.

To help understand the root causes of latency target vi-
olations in gShare, we present the latency breakdown of
gShare in Table 2. The left three columns focus on user re-
quests that meet their latency targets, primarily presenting
the number of requests that satisfy latency targets under each
method, as well as the number of requests that have experi-
enced at least one scheduling wait or model swapping event.
It can be seen that gshare’s swapping and scheduling wait-
ing time has a <1% impact on preventing the requests from
meeting their targets. Conversely, the right three columns
focus on user requests that violate latency targets, analyzing
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Table 3. GPU price and memory price in AWS EC2 and Aliyun ECS.

Instance types GPU devices $/Instance (per GPU) Memory price
p4d.24xlarge NVIDIA A100x8 $21.96/h ($2.74/h) -/-
AWS EC2 c5.xlarge -/- -/- $0.013/GB/h
. gn8is-2x.8xlarge NVIDIA L20x2 $4.53/h ($2.27/h) -/-
Aliyun ECS g7 xlarge /- - $0.0069/GB/h
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Figure 9. Function performance with GPU virtualization.

the proportions of scheduling wait time, model swapping
time, and execution phase in the overall request latency (the
latency of all requests is summed). We find that model swap-
ping time is the primary cause of latency target violations
across almost all methods, underscoring the need to profile
model swapping time. Furthermore, gShare’s scheduling
latency is slightly higher than that of FaaSwap, but it pro-
duces fewer latency target violations compared to FaaSwap,
FaaSCache, and FIFO methods, further demonstrating the
effectiveness of SLA-aware scheduling.

5.4 Virtualization Performance & Isolation

We also evaluate the performance overhead introduced by
virtualization as well as the control plane efficiency.
Virtualization Overhead: gShare’s vGPU incurs negli-
gible performance degradation for microVM-based func-
tions. The fine-grained GPU provision and sharing in gShare
incorporate several optimizations, such as the memory zero-
copy technique and native scheduling on GPU channels to
minimize the system overhead. We first analyze the per-
formance impact from GPU virtualization, which primarily
stems from instruction delivery and memory address transla-
tion during guest-host driver API calls. Figure 9(a) compares
the model throughput on a full physical GPU versus a 100%
quota of vGPU under varying input sizes. There is virtually
no performance loss between them.

Resource Isolation: gShare ensures strong resource iso-
lation across multiple tenant functions sharing the
same GPU device. Effective resource isolation is essential
in a multi-tenant environment, as both resource contention
and context switching can degrade function performance.
To evaluate this, we deploy several ML models such as BERT,
RCNN, Resnet, SSD, and VGG, and each of them runs on
different GPU slices from the same physical GPU device.
We take the image recognition models (Resnet20, Resnet50,
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and Resnet152) as examples and show their inference perfor-
mance when serving concurrent requests. Figure 9(b) illus-
trates the function throughput under different vGPU quotas
that are equally allocated to each tenant (ranging from 3%
to 33%). The results show a nearly linear relationship be-
tween vGPU allocation and model throughput, while the
performance of each vGPU function remains stable when
processing concurrent requests from different users. This
also demonstrates gShare’s robust vGPU isolation capability.

5.5 Cost Benefit Analysis

Economic Benefit: gShare can help reduce GPU resource
cost by hundreds of thousands of dollars every year in

a typical FaaS cluster, benefiting both cloud provider

and users. As the cost between host memory and GPU

devices may vary across cloud providers, we estimate cost

savings based on AWS EC2 GPU pricing [74] and Aliyun.
As shown in Table 3, we reference the price of the AWS

p4d.24xlarge instance, where each GPU costs approximately

$2.74 per hour. Cloud providers do not provide a separate

price for main memory; therefore, we estimate it based on

the formula: psorar = Pepu + Pmem + Pypu + Pother, Where

Pother represents the network/management overhead. For

example, the memory price of the AWS c5xlarge series is ap-
proximately $0.013/GB/h. Considering a typical FaaS cluster

usually contains 200-300 servers, where at least 10% of them

are equipped with 8 A100 GPUs per server, the monthly GPU

server rental cost is no less than $2.74 X 20 X 8 X 720 X =

$315,648.

By adopting gShare’s GPU sharing policy, GPU resource
usage in a FaaS cluster can be reduced by up to 40% even
in the worst-case scenario. If 20% of planned GPU server
procurement can be cut, the monthly GPU cost for the FaaS
provider will drop to approximately $252,000. Additionally,
model swapping consumes more than 30% of GPU server
memory, incurring additional memory costs of $0.013 x 20
X 8 X 24 X 720 = $35,942.4, for savings of about $330,000 per
cluster per year. The cost benefit in Aliyun can be calculated
in the same way, since it has cheaper main memory than
AWS, the cost saving can reach up to about $400,000/year
when using the Aliyun pricing model.

5.6 Discussion

The Optimal Solution: gShare achieves 75% of the optimal
cost-efficiency but being 100X faster in practice. To explore
the roofline of gShare’s scheduling algorithm, we compare
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Table 4. Comparison of some representative related work.

F Method MArk Nexus Clockwork INFless FaaSwap gShare
eature
GPU sharing X v X v v v
Fine-grained alloction X X X 4 4 v
vGPU support X X X X X v
SLO-aware scheduling v v v 4 X v
Model swap X X X X v v
Faa$ scenario v X X v 4 v
it with the optimal solution solved by Lingo 18.0.44 on a 5 1.1 5 10000
small-scale workload. To simplify the problem, we assume a 3 (1)-8: ; £ 1000
large GPU slice pool and define the latency target as 5x the E 0.81 081 é 100 ;’é’:;::s
P90 execution time, which is greater than the cold-start time £ g-;: 0.64 2 0
to ensure the latency SLO is guaranteed during scheduling. 205 é

We scale the workload timeline by a factor of 1:40 and set
the number of time slots per GPU slice to 50 (i.e., sched-
uling every 2000ms). As shown in Figure 10(a), gShare’s
online scheduling algorithm achieves 75% of the optimal so-
lution, while its decision-making speed is 10X-100x faster
than that of the MINLP solver. With the increase of problem
scale, Lingo’s solving time grows exponentially and becomes
infeasible, as illustrated in Figure 10(b).

Temporal-Spatial sharing: GPU virtualization is actually
a temporal GPU sharing technology in gShare, which exe-
cutes the GPU kernels from the user VM in a non-preemptive
manner in each time slice. This may inherently cause under-
utilization of resources if a kernel cannot launch enough
threads to occupy all SM cores on the GPU device [1, 20].
Fortunately, the vGPU technique can be combined with MIG
technology to achieve approximate "spatial-temporal shar-
ing" on NVIDIA GPUs (partially supported). In this way, the
GPU is first divided into small physical partitions (e.g., 5GB
of device memory), and each partition can be shared by dif-
ferent tenant functions through vGPU time-slicing, thereby
reducing resource waste caused by small kernels. Although
not perfect, it is the best effort we can make in our scenario.
Performance Interference: GPU interference has been
widely discussed in prior work [12, 54], including unbal-
anced SM core utilization across concurrent kernels and con-
tention for memory and PCle bandwidth. Since vGPU uses a
non-preemptive kernel execution model, the performance
degradation caused by resource contention is not significant.
However, the context switch (hundreds of microseconds)
and the queuing delay may cause significant performance
degradation for user functions. A large kernel task (>20ms)
may take several scheduling periods to complete. The cur-
rent version of gShare uses a native approach to control
the number of launched vGPU instances on a physical GPU
with execution-time prediction, which is demonstrated to
work in practice. To alleviate this problem, several learning-
based performance prediction methods [86] or QoS-aware
feedback control on resource allocation [18, 107] can be used
to reduce the function performance fluctuations, which is
worth further exploration in future work.
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Figure 10. Analysis of the performance roofline.

6 Related Work

We summarize the related work as follows. The key distinc-
tions between gShare and some of them are in Table 4.
Serverless GPU Functions: Serverless model serving has
been extensively studied in the past few years [5, 26, 32, 34,
48, 67, 71, 80, 84, 105]. However, early approaches are lim-
ited to CPU-only functions and suffer from high latency in
model serving services [99]. A few studies have recently pro-
posed GPU-enabled FaaS platforms [21, 30, 31, 99], which
are usually built on a host-container architecture and do
not align with the VM isolation requirements in a multi-
tenant FaaS cluster. Although cloud providers are beginning
to explore on-demand GPU services [9, 16], their coarse-
grained resource provisioning and coupled CPU-GPU man-
agement have led to non-trivial operational costs. To the best
of our knowledge, gShare is the first work to introduce a low-
overhead, fine-grained GPU virtualization solution tailored
for a multi-tenant Faa$S environment, which can also help
cloud providers explore the upper bound of cost-efficient
GPU function optimization.

GPU Sharing & Scheduling: The work most closely related
to gShare is FaaSwap [103], a GPU proxy-based system that
employs model swapping to share GPUs across different
models. Other systems, such as Clipper [19], Nexus [78], and
INFaasS [71], focus on improving resource efficiency through
dynamic GPU allocation and request scheduling. However,
these frameworks are primarily designed for "serverful" en-
vironments and have not been evaluated under serverless
workloads. Several studies, including Swayam [32], BATCH
[5], INFless [99] and Dilu [52], leverage dynamic batching
to improve the throughput of the model serving system.
While they rely on keep-alive policies to balance perfor-
mance and cost, this can result in substantial idle waste
under fluctuating workloads. Moreover, many prior works
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[12-14, 20, 33, 47, 51, 58, 83, 92, 94] employ techniques such
as NVIDIA MPS or MIG to enable temporal-spatial GPU
sharing. However, they are constrained by hardware and
isolation requirements and cannot be applied to the public
cloud.

Other Techniques: There are also a number of works that
optimize GPU functions. For example, using techniques like
startup acceleration [6, 7, 22, 89, 93, 97], function prewarm-
ing [55, 77, 84, 101, 109], and sandbox reusing [4, 41, 50, 66]
to reduce the startup time of GPU functions, thereby reduc-
ing the keep-alive cost. Approaches such as tensor mem-
ory sharing [48] and model compression or transformation
[34, 96] can help reduce model memory footprints and re-
source usage. Emerging technologies such as CXL-based
disaggregated memory pools [85] can also be used in model
swapping and reduce memory costs. Additionally, leverag-
ing CPU-GPU interchangeability and collaborative serving
technologies [11, 45, 88, 106] may enhance the model swap-
ping efficiency and function performance in gShare. These
approaches are orthogonal to gShare and can be integrated
to increase function density and further improve cloud cost
on FaaS platforms.

7 Conclusion

This paper presents gShare, a server-level GPU function
management strategy, which is simple, efficient, and easy
to use in practice. gShare aims to fill the gap in research
on GPU virtualization and sharing for multi-tenant FaaS
scenarios and argues for a decoupled CPU-GPU manage-
ment approach to provide on-demand, cost-efficient GPU
resources for model-serving services. In future work, we
plan to integrate resource-procurement policies into cloud
systems and explore cluster-level server-scaling mechanisms
to further reduce datacenter costs and energy consumption
in FaaS$ platforms.
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Table 5. Experimental testbed configuration.

N Number of GPU pools in the worker node

M Capacity of the vGPU pool

K Number of time slots divided on each GPU slice

R? Set of requests to be scheduled, with size |R? |

Tk The k-th arriving request

Fuo If r,, and r, belong to the same tenant function, 1 else 0

Iy Model swap-in time for the function of request rx

(Kk, Ok, Cx) | Arrival time, latency SLO target, and resource requirement of ry
dproc (k) Execution time of request rx under resource C

dinit (rx) Initialization time before executing ri

Fs sum Total GPU allocation in time slot § during cycle ¢

a;j(9) If g starts executing on GPU slice j at time slot 8, 0 else 1

siv If ry,, ry on the same GPU slice and r, executing next to ry,, 0 else 1
q Number of activated GPU slices in the worker node during cycle ¢

A Model Statistics

We collect the top 3,000 most-downloaded models from two
of the world’s largest ML model repositories: TensorFlow
Hub (TH) [38] and Hugging Face (HF) [24], which host about
1.94 million models from text, image, video, and natural lan-
guage processing. In Table 6, we select 100 representative
models (by sampling the 3,000 models every 30 steps) and
present their characterization, including the model name,
parameter size, precision type, memory consumption, and
reference. The memory usage bars are scaled logarithmi-
cally to reduce the visual difference between the maximum
and minimum values, where models with less than 1GB of
memory usage are colored orange.

B Problem Formulation

As mentioned in § 3.1, we first partition the GPU devices on
each worker node into multiple physical GPU slices (with
different memory sizes such as 128MB, 512MB, 1024MB,
etc.). With GPU virtualization techniques, GPU slices can
be mapped to user functions as vGPU devices, and multi-
ple tenants can share the same GPU slice with the vGPU
reclamation and reallocation mechanism. For each deployed
model serving function, the user request arrives in a time
sequence with a latency target (e.g., 200ms). Our goal is to
schedule requests on a function instance and allocate an
available GPU slice for processing, thus minimizing the over-
all GPU allocation while satisfying the SLO of user latency.
Here we present a detailed problem formulation, and the
major notations used hereafter are listed in Table 5.

B.1 Request Scheduling Model

Let ri denote the k-th arriving request, with each ry € R
represented as a 4-tuple (Cx, dproc k), Kk, Ok ), where Cy is
the function vGPU quota corresponding to rg, dproc(7%) is
the model serving time under Cg, K is the arrival time, and
O is the latency target. We use a binary variable a; () to
indicate whether ry starts executing at time slot § on GPU
slice j:

a;(8) = {1’

0,

if 7 is scheduled to slot § on GPU j

otherwise

(11)
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We use another binary variable si,u to define the execu-
tion order of any two requests r, and r,. Itis 1 if r, and r,,
are scheduled to the same GPU slice and r,, is the nearest
prefix execution of r,. Otherwise, s;,, is 0. By combining
the decision variables a; x(5) and si’v, the request execution
and vGPU scheduling solution on a worker node can be
determined with the following constraints:

First, a request cannot be scheduled before its arrival time:
DT @@ 6= Y ak(d) K, VreeR' (12)
jeM,S¢et jeM,Set
Each request should execute exactly once on a worker
node:

D a4k =1 VreekR (13)

jeEM,5¢et

The si,v should satisfy the following constraints:
D Sha= > ak(8), Vj (14)
ru,ro€R? rr€RES€et

s,iv + s;iu =1, Vryr, € RLVj (15)
Z sho <1, Vr,eR.VYj (16)
ru€R?
D Sho<1 VryeRLYj (17)
ry€ER!

Equations (14-17) ensure a definite execution order for any
two adjacent requests r,, and r, that are on the same GPU
slice. Equation (18) ensures the execution has no overlapping
for any two requests on each GPU slice:

E aj(8)6 = E a;4(8)-6+Dy—H-(1-s} ), Vry,ry € R\, Vj
Set Set
(18)

where H is an extremely large integer.

B.2 Request Latency Model

The request latency consists of two parts:

(i) Initialization time din;; (1 ): When ry is scheduled on a
GPU slice, if it is the first request processed on this slice or
it has a preceding request ry- belongs to a different tenant
function, an initialization for model swap-in is required be-
fore execution; Otherwise, the initialization phase is skipped.
Since the vGPU hot-plugging time is negligible, the initial-
ization time di,;; (%) can be derived as follows.

dinit(re) =L - (1= Fprg), Vg €R'

where k' = 3., cge Suk - U

(ii) Model serving time Dy: The optimal solution is ob-
tained through an offline computation, which means that
the request arrival pattern and execution time of all requests
are known in advance. We assume that the execution time
of the request is independent of the scheduling order.

(19)
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To satisfy the user latency objective, we have:

> ajk(8) - (8= 1) | At+dinit(ri)+Dic < O, Vri € R
JEM,S€t
(20)

B.3 Resource Allocation Model

gShare allows multiple concurrent requests to be executed
simultaneously on different vGPU devices (i.e., GPU slices).
This requires that the total GPU slice allocation per slot
should not exceed the GPU pool capacity. Assume the maxi-
mum available resource M of the GPU pool is fixed during
cycle t. Let Fssum = 2 jem o crt @jk () denote the total GPU
allocation in time slot § during cycle ¢, we have:

0<Fsaum<M, VSet (1)

B.4 Optimization Target

In the FaaS platform, a GPU slice is considered activated
(incurring procurement cost) if it is allocated at any time
slot during cycle t. In this way, the optimization objective
is to minimize the number of allocated GPU slices while
satisfying the SLOs for user latency. We use Uj; to represent
whether the GPU slice j is used during cycle t, it is 1 if
GPU slice j executes at least one request during cycle ¢ (i.e.,
Ysetreert @jk(0) > 0), otherwise U; = 0:

15
Uj = 0.

The objective of the optimization is:

Minimize: Z U; st Egs. (12-21)
JEM

if GPU j executes at least one request in cycle ¢

otherwise

B.5 Discussion

Note that we use Equations (13) and (20) to simplify the prob-
lem solving, which ensures that all requests can be scheduled
without SLO violations. However, it is difficult to meet all of
the users’ latency targets in practice, and the MINLP model
will transform into a multi-objective optimization problem
where the FaaS platform aims to minimize GPU allocation
while satisfying as many users’ latency targets as possible.
For this goal, we can introduce an activation function f(x)
to represent the latency target meeting ratio. For example,
f(xx) can be defined as:

1,
0,

ifxe >0
e (22)
otherwise

f(xk):{

where x; = 0 — (ZjEM’5et ajr(6) - (6 - 1)) <At = dinit (rr) —
Dy, Vrr € R'. A request is marked 1 if it meets the latency
target; otherwise, it is 0. Activation functions like f(xx) =

—L+ x > 0 are also aEplicable.

A hew objective in Equation (20) can be derived from the

activation function, which is:
Zxeert f(xk)
|R|

ZjeAILG

+(1-a)- 7

Minimize: « - (23)
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where a € (0, 1) is a weighted coefficient to balance the func-
tion performance with resource cost, which can be defined
according to the business goal of FaaS provider (We do not
discuss it here).

B.6 Solving MINLP with LINGO

We use the LINGO package to solve this formulation on
benchmark workloads. Even after incorporating optimiza-
tions, such as using a large latency target to ensure the re-
quest latency SLOs can be met and assuming users use the
same vGPU quota, solving the problem is still expensive.
For example, computing the minimum number of vGPUs
for 20 requests across 50 time slots takes several minutes,
even though the upper bound is only 4 GPUs. The LINGO
programming code is listed as follows.

1 /* Definition of problem and variables =x/

2 model:

3 sets:

4 Gpu/@file( )/:use;

5 Req/@file( )/:queue, swapTime

,arrvTime ,procTime,latTarget,startTime;
6 Slot/@file( )/:gpuAllocSum,
slotld;
7 GRS (Gpu,Req,Slot):sched;
8 RR (Req, Req);
9 GRR (Gpu,Req,Req) : gpuReqBeforeReq;
GR(Gpu,Req):slotIdVision,slotOcVision;
GS(Gpu,Slot);
RS (Req, Slot);
13 endsets
/* Initialize the input data =*/
data:
gpuCap=@file(
17 slotCap=@file(
deltT=@file(
swapTime=@file( )
arrviime=@file( );
21 procTime=@file( )
latTarget=@file(
23 slotId=@file(
24 queue=@file(
enddata
/* The optimization object and constraints =x/
27 min=@sum(Gpu(j):use(j));
@for (Gpu(j):use(j)=@if (@sum(RS(k,s):sched(j,k
,$))#gt#0,1,0));
29 @for(Slot(s):gpuAllocSum(s)=@sum(GR(j,k):
sched(j,k,s)));
@for (Slot(s):gpuAllocSum(s)<=gpuCap);
31 @for (GRS (j,k,s):@bin(sched(j,k,s)));
32 @for (Req(k):@sum(GS(j,s):sched(j,k,s))=1);
33 @for (GS(j,s):@sum(Req(k):sched(j,k,s))<=1);
34 @for (Req(k):startTime(k)=@sum(GS(j,s):sched(j
,k,s)*slotId(s)));
@for (Req(k):startTime(k)>=arrvTime(k));
36 @for (GR(j,k):slotIdVision(j,k)=@sum(Slot(s):
sched(j,k,s)*slotId(s)));
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Table 6. A subset of ML models from TensorFlow Hub and Hugging Face.

3
5 2
] ®

=)
g =
8 o
g 5

@
= @
o -+
ad o

#1d Model Name Model Size Type Memory Occu. (log) Ref. #Id Model Name Model Size Type

1 deepseek-ai/DeepSeek-R1 685B F32 I HF 51 avemio/German-RAG-UAE-LARGE 335M 164 HF
2 MiniMaxAl/MiniMax-VL-01 456B F32 I HF 52 tristayqe/my_zh CN_asr_cv13_model 319M F32 mmam HF
3 amd/Llama-3.1-70B-Instruct 70.6B F32 m—— HF 53 ehcalabres/wav2vec2-lg-xlsr-en-speech 316M F32 mmam HF
4 01-ai/Yi-34B-Chat 34.4B F32 mmmm——— HF 54 gigant/romanian-wav2vec2 315M F32 mam HF
5 leon-se/gemma-3-27b-it-FP8 27.4B F32 m— HF 55 jimregan/wav2vec2-large-xlsr-latvian-cv 315M 164 s HF
6 city96/Qwen-Image-gguf 20.4B F32 m—— HF 56 mrm8488/t5-base-finetuned-question 297M F32 mmmm HF
7 agentica-org/DeepCoder-14B 14.8B F32 m— HF 57 visegradmedia-emotion/Emotion 278M F32 mmmm HF
8 mistral-community/pixtral-12b 12.7B 132 HF 58 TitanML/tiny-mixtral 247M F32 HF
9 kosbu/Llama-3.3-70B-Instruct 11.3B F32 - HF 59 waveletdeboshir/gigaam-rnnt 234M F32 mmm HF
10 BAAI/bge-multilingual-gemma2 9.24B F32 HF 60 syssec-utd/py312-pylingual-v1-statement 223M 164 HF
11 CohereLabs/aya-vision-8b 8.63B F32 N HF 61 rinna/japanese-cloob-vit-b-16 197M F32 HF
12 reducto/RolmOCR 8.29B F32 mummmmmm HF 62 Angelakeke/RaTE-NER-Deberta 184M F32 HF
13 MLP-KTLim/llama-3-Korean 8.03B F32 HF 63 nnlm-es-dim50-with-normalization 177M F32 e TH
14 KISTI-KONI/KONI-Llama3.1-8B 8.03B F32 mmmm— HF 64 resnet_v2_101 170M  F32 s TH
15 liuhaotian/llava-v1.6-mistral-7b 7.57B F32 HF 65 JackFram/llama-160m 162M  F32 mam HF
16 intfloat/e5-mistral-7b-instruct 7.11B F32 m— HF 66 CIDAS/clipseg-rd64-refined 151M F32 mam HF
17 LongSafari/evo-1-8k-transposon 6.45B F32 HF 67 KoalaAl/Text-Moderation 139M F32 HF
18 h2oai/h20-danube3-4b-chat 3.96B [32 = HF 68 Ixyuan/distilbert-base-multilingual 135M F32 HF
19 ibm-research/PowerMoE-3b 3.37B F32 mEmmmmm HF 69 dmargutierrez/distilbert-base 135M F32 mm HF
20 Efficient-Large-Model/gemma 2.61B F32 HF 70 cord-19/swivel-128d 125M F32 memm TH
21 vikhyatk/moondream?2 1.93B F32 HF 71 agufsamudra/indo-sentiment-analysis 124M F32 mmm HF
22 utter-project/EuroLLM-1.7B 1.66B F32 HF 72 jinmang2/kpfbert 113M F32 HF
23 michaelfeil/mxbai-rerank 1.54B F32 s HF 73 utrobinmv/t5_translate_en 111M F32 mam HF
24 infly/inf-retriever-v1-1.5b 1.54B F32 HF 74 hatmimoha/arabic-ner 110M F32 HF
25 sentence-transformers/sentence 1.24B F32 HF 75 adeelhasan/email-classifiermodelv1l 109M F32 mam HF
26 bert_en_wwm_uncased_L-24 1.2B F32 TH 76 HuggingFaceFW/fineweb-edu-classifier 109M F32 mam HF
27 distributed/llama-1b 1.1B F32 mmmm HF 77 semi-exemplar-10 97M F32 mmm TH
28 nm-testing/tinyllama-oneshot 1.1B F32 HF 78 Cnam-LMSSC/wav2vec2-french-phonemizer 94M F32 mmm HF
29 5CD-Al/Vintern-1B-v3_5 938M F32 HF 79 sup-100 90M F32 mmm TH
30 MuRIL 842M F32 mmmmm TH 80 skshmjn/Pokemon-classifier-gen9-1025 86M F32 mmm HF
31 kotoba-tech/kotoba-whisper-v2.2 756M F32 HF 81 rizvandwiki/gender-classification 85M F32 mmm HF
32 kaitchup/Phi-3-mini-4k-instruct 684M F32 HF 82 rotation 83M F32 mmm TH
33 pipecat-ai/smart-turn 581M F32 HF 83 movinet/a5/stream/kinetics-600/classification 74M F32 mam TH
34 nlpai-lab/KURE-v1 568M F32 mmmmm HF 84 madhurjindal/autonlp-Gibberish-Detector 67M F32 mmm HF
35 heydariAl/persian-eMeddings 560M F32 HF 85 tals/albert-xlarge-vitaminc-mnli 58M F32 mam HF
36 universal-sentence-encoder-qa 528M F32 TH 86 bookbot/distil-ast-audioset 44M F32 mm HF
37 timm/maxvit_xlarge_tf 512 476M F32 mmmmm HF 87 inception_v4_quant 40M F32 mm TH
38 nnlm-es-dim128 446M F32 mmm TH 88 PeigingYang/MatAnyone 35M F32 mm HF
39 cross-encoder/nli-deberta-v3 435M F32 mam HF 89 IsotrOpy/test-gguf-sample 28M F32 mm HF
40 bmd1905/vietnamese-correction 420M F32 mam HF 90 east-text-detector 23M F32 mm TH
41 wiki40b-lm-vi 415M  F32 TH 91 vggl9-block4-conv2-unpooling-decoder 20M F32 mm TH
42 wiki40b-Im-it 414M  F32 TH 92 mnasnet_1.0_96 16M F32 mm TH
43 wiki40b-lm-cs 414M  F32 TH 93 ganeval-cifar10-convnet 13M F32 mm TH
44 wiki40b-lm-id 414M  F32 TH 94 inception_v2_quant 10M F32 mm TH
45 wiki40b-lm-en 414M  F32 TH 95 trl-internal-testing/tiny-Qwen2_5 9M F32 m HF
46 ByteDance/Dolphin 398M F32 HF 96 handdetector 6M F32 m TH
47 bert_en_cased_L-12_H-768_A-12 386M F32 TH 97 spiral/default-fluid-gansn-celebahq64 5M F32 m TH
48 biggan-deep-128 366M F32 mmmm TH 98 mobilenet_v1_1.0_224_quantized 4M F32 m TH
49 garak-llm/roberta-large-snli 356M F32 HF 99 mobilenet v2 1.0_224 quantized 3M F32 m TH
50 nasnet/large 338M F32 e TH 100 iris 2M F32 m TH

40

41
42
43

@for (GR(j,k):slotOcVision(j,k)=@sum(Slot(s):

sched(j,k,s)));

@for (GRR(j,u,v):gpuRegBeforeReq(j,u,v)=@if(
slotIdVision(j,u)#lt#slotIdVision(j,v),
slotOcVision(j,u)*slotOcVision(j,v)

,99999));

@for (GRR(j,u,v):slotIdVision(j,v)>=
slotIdVision(j,u)+swapTime(u)+procTime (u)
+(1-gpuRegBeforeReq(j,u,v)));

@for (Req(k):startTime(k)+swapTime (k)+procTime
(k)<=arrvTime(k)+latTarget(k));

@for (Req(k):startTime(k)<=slotCap);

end
/* The end x/

Listing 1. The LINGO code for solving this MINLP model.

859
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517 18
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PR I S

19 20

12 123456789~

12 13 14 15 16 17 18

12 13 14 15 16 17 18

Listing 2. An example of lingo_data.txt in Figure 1(d).
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